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S1 Local spatial feature descriptors9

In point cloud registration, surface normals are commonly used as attributes for individual points. They provide10

valuable information about the local surface orientation. Many effective feature descriptors have been proposed by11

collecting information about the distribution of normals in local regions (Salti et al., 2014; Rusu et al., 2009, 2008;12

Körtgen et al., 2003; Tombari et al., 2010; Guo et al., 2013). However, in cryo-electron microscopy (cryo-EM), the13

voxel values in density maps represent the integration of density functions associated with atoms (Terashi and Kihara,14

2018; Terwilliger et al., 2020). Therefore, it is necessary to consider density vectors as an alternative to surface15

normals for describing points. CryoAlign utilizes mean shift equation to identify the direction of maximum density16

change around a single point, and assigns it as the density vector of the point. The unit vector is computed for each17

grid point xi(i = 1, ...,N) with a density value that no less than author-recommended contour level. The direction ⃗yi−xi
|yi−xi |
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of unit vector reflects the trend of density values around the grid point xi, of which the yi is calculated by the following19

formula:20

yi =

PN
n=1 k(xi − xn)Φ(xn)xnPN
n′=1 k(xi − x′n)Φ(x′n)

, (1)

where k(p) is a Gaussian kernel function and Φ(xi) is the density value of the grid point xi. The k(p) adjusts the21

weighting coefficients according to the input distance p and a bandwidth σ:22

k(p) = exp(−1.5|
p
σ
|2). (2)

The following experiments were conducted on the global alignment dataset; the sampling interval was set to 5Å.23

Figure S1a illustrates the dot score distribution between corresponding points for surface normals or density vectors.24

It is important to note that these corresponding points are obtained through MM-align (Mukherjee and Zhang, 2009)25

superimposition, which is defined as the ground truth. The figure shows two prominent peaks at opposite ends of26

the surface normals curve, indicating a certain degree of consistency but a larger number of orientation pairs that are27

completely opposite. Additionally, as the radius increases, the peak in the [0.75, 1.0] range continues to rise until it28

stops at a radius of 25Å. However, there are minimal changes observed in the other peak in the [-1.0, -0.75] range.29

The accuracy of estimated surface normals improves as more neighboring points are considered. Unfortunately, due30

to the differences in the imaging process, inconsistent results are inevitable with surface normals. In contrast, density31

vectors are computed based on the density value distribution, which reflects the imaging characteristics of the density32

maps. The much higher peak in the [0.75, 1.0] range suggests that density vectors exhibit better consistency compared33

to surface normals. Additionally, the larger bandwidth in the mean shift equation allows the algorithm to consider34

a larger range of neighboring points, similar to the radius parameter in surface normal estimation. Furthermore, to35

assess the descriptive capabilities of surface normals and density vectors, classical feature descriptors such as SHOT,36

PFH, and FPFH were selected, and their performances in feature matching were measured. Figure S1b displays37

the distribution of correct feature matching ratios, with dark lines representing density vector-based descriptors and38

shallow lines representing surface normal-based descriptors. The dark lines are positioned to the right of the shallow39

lines, indicating the stronger descriptive ability of density vectors.40
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Figure S1: Dot distribution of surface normals and density vectors. Noted that, this and following experiments were all conducted on the

global alignment dataset (N=64).

Existing point cloud descriptors typically encode the orientations of points in the local neighborhood into a feature41

vector using histogram statistics. Point correspondences are established by calculating the distance between feature42

vectors. However, due to the large number of original points, the feature matching process can be redundant and prone43

to errors. To address this, several 3D keypoint detectors have been proposed, including 3D SIFT (Lowe, 2004; Rusu44

and Cousins, 2011), 3D Harris (Sipiran and Bustos, 2011), and ISS (Zhong, 2009). The 3D Harris detector identifies45

corner points by considering the local spatial distribution. By analyzing the eigenvalues of the covariance matrix,46

the detector determines whether a point is located at a corner or edge. 3D SIFT extracts local features by analyzing47

the scale-space representation of the point cloud, utilizing gradient information and a histogram-based descriptor48

to characterize keypoints. ISS computes a unique signature for each point by analyzing its neighborhood in terms49

of surface curvature, surface normals, and other geometric properties. Figure S2 presents the number of extracted50

keypoints for different detectors. 3D Harris and ISS, being primarily based on point spatial distribution, yield a very51

limited number of keypoints. While a smaller quantity reduces computational complexity, it can also result in a52

loss of correct corresponding points. Moreover, these detectors do not consider the physical significance of density53

values, leading to an extremely uneven distribution of extracted keypoints. In CryoAlign, keypoints are identified by54

leveraging the fact that regions with high density values can indicate protein backbones. By combining mean shift and55

DBSCAN algorithms (Ester et al., 1996), CryoAlign effectively identifies local dense points as keypoints. The initial56



dense point is computed by the convergent result of the following iteration:57

yt+1
i =

PN
n=1 k(yt

i − xn)Φ(xn)xnPN
n′=1 k(yt

i − x′n)Φ(x′n)
. (3)

Once the iteration converges in CryoAlign, the DBSCAN algorithm is employed to group the stable points yn
i . DB-58

SCAN merges adjacent points whose distance is closer than a given threshold (5.0Å in the experiments), forming clus-59

ters. These cluster centers are then considered density-based keypoints. Compared to existing detectors, CryoAlign’s60

keypoints are distributed throughout the volume. In Figure S3, 3D Harris and ISS extract sparse keypoints, often61

resulting in only one or two points in a large region, as shown in the enlarged red boxes. 3D SIFT generates more key-62

points; however, in the enlarged region, they are primarily located on the surface of the volume and lack an adequate63

number of neighboring points. In contrast, CryoAlign’s extracted keypoints are distributed inside the volume, roughly64

representing the protein’s backbones and having sufficient neighbors.65
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Figure S2: The number of comparative keypoint detectors. For map size groups “≤50MB”, “50∼100MB”, “100∼200MB”, “200∼300MB” and

“>300MB”, the sample sizes N=27, 17, 54, 80 and 15. The center, lower and upper lines in each box indicate the median, the first quartile and the

third quartile, respectively. The number inside each box refers to the mean value. The whiskers show the 2.5% and 97.5% quantiles.
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Figure S3: An example (EMD-8789) with di�erent extracted keypoints.

Keypoints are often associated with descriptors to evaluate the structure extraction performance. To provide a com-66

prehensive comparison, we selected existing commonly used point cloud descriptors: geometric attribute histogram67

based descriptors, PFH (Rusu et al., 2008), FPFH (Rusu et al., 2009) and SHOT (Salti et al., 2014); spatial distri-68

bution histogram based descriptors 3DSC (Körtgen et al., 2003), USC (Tombari et al., 2010) and ROPS (Guo et al.,69

2013). Figure S4 presents the distribution of correct feature correspondence ratios for different combinations of de-70

tectors and descriptors. The feature matching is directly performed by calculating the nearest neighbors in the feature71

domain. The accuracy of feature matching based on spatial distribution histogram descriptors, such as 3DSC, USC,72

and ROPS, is mainly concentrated in the interval [0, 0.1]. This indicates their limited applicability in density maps,73

as they heavily rely on statistics of point numbers in divided bins, resulting in poor representations of local structures.74

In contrast, SHOT and PFH perform the best among the methods, while FPFH is slightly inferior. Geometric attribute75

histogram-based descriptors, which utilize “normals” (in this case, density vectors), effectively capture the intrinsic76



trends of density value changes. Considering the combination with detectors, we find that our clustering-based key-77

point extraction method consistently outperforms other methods. The distribution of our method, indicated by the red78

line, is generally located to the right of other curves, showing a higher correct ratio of feature matching. Table S179

calculates the average precision and recall of comparative methods. The combination of the SHOT descriptor with our80

clustering-based detector performs the best, achieving 16.8% matching accuracy.81

Table S1: Average precision and recall of comparative methods

Precision Recall

Harris ISS SIFT Our Harris ISS SIFT Our

SHOT 0.086 0.100 0.079 0.168 0.222 0.259 0.075 0.042

PFH 0.053 0.078 0.045 0.145 0.342 0.439 0.108 0.066

FPFH 0.040 0.062 0.033 0.102 0.258 0.346 0.091 0.055

3DSC 0.039 0.024 0.033 0.069 0.074 0.088 0.011 0.012

USC 0.024 0.015 0.027 0.053 0.024 0.039 0.013 0.004

ROPS 0.004 0.027 0.005 0.018 0.038 0.012 0.017 0.012

There are two metrics calculated in the feature matching, average precision and recall. For precision, the larger value denotes more accurate

correspondences; for recall, the larger value indicates a higher key point utilization. In the tables of this supplementary material, for better

presentation, the best results are marked in bold and the second best ones are underlined.
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Figure S4: The distribution of feature matching accuracy.

Relying solely on the nearest neighbor calculation for feature matching can lead to insufficient accuracy. Even82

with SHOT or PFH, the correct ratio of feature matching is mainly concentrated approximately 10%. In CryoAlign,83

we utilize a bidirectional nearest point matching strategy to refine the feature correspondences further. Figure S584



demonstrates the distribution of correct feature correspondence ratios for different combinations in the mutual fea-85

ture matching strategy. Compared to the direct nearest neighbor calculation, bidirectional feature matching exhibits a86

significant improvement in accuracy. For spatial distribution histogram-based methods such as 3DSC and USC, the87

distribution curves become flatter, and not all ratios fall within the [0, 0.1] interval. For geometric attribute histogram-88

based methods such as SHOT, PFH, and FPFH, the concentrated areas of the distribution curves shift from the interval89

[0.05, 0.15] to [0.1, 0.3]. By employing the mutual feature matching approach, we can also evaluate the average preci-90

sion and recall, as shown in Table S2. The bidirectional nearest point matching filters out a large number of candidates,91

which sometimes results in insufficient remaining corresponding points to calculate rigid transformation parameters92

(at least 4 point pairs). Table S2 additionally provides the failure proportion for each comparative combination. 3D93

Harris and ISS consistently exhibit extremely high failure rates due to their inadequate number of identified keypoints.94

Conversely, 3D SIFT and our method extract enough candidate keypoints, resulting in a lower failure rate. Similar95

to the results in Table S1, the combination of SHOT and our method achieves the best balance between accuracy and96

success rate.97
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Figure S5: The distribution of feature matching accuracy in mutual feature matching strategy.



Table S2: Average precision and recall of comparative methods in mutual feature matching

Precision (Failure) Recall

Harris ISS SIFT Our Harris ISS SIFT Our

SHOT 0.213(68.75%) 0.298(89.06%) 0.148(14.06%) 0.292(0.0%) 0.280 0.335 0.049 0.027

PFH 0.099(37.5%) 0.170(65.6%) 0.103(9.37%) 0.224(0.0%) 0.229 0.389 0.061 0.023

FPFH 0.088(35.94%) 0.122(59.4%) 0.060(7.82%) 0.178(0.0%) 0.230 0.308 0.044 0.021

3DSC 0.250(98.4%) 0.500(98.4%) 0.267(79.7%) 0.291(60.94%) 0.100 0.500 0.035 0.008

USC -(100.0%) -(100.0%) 0.311(87.5%) 0.334(73.44%) - - 0.027 0.007

ROPS 0.002(34.38%) 0.027(56.25%) 0.008(0.0%) 0.023(0.0%) 0.003 0.049 0.009 0.004

There are three metrics calculated in the feature matching, average precision, failure ratio and recall. For precision, the larger value denotes

more accurate correspondences; for failure ratio, the smaller value indicates higher stability; for recall, the larger value indicates a higher key

point utilization.

S2 Density based SHOT descriptor calculation98

The SHOT descriptor starts with a local reference frame (RF) calculation, which refers to a coordinate system defined99

locally for each point in the point cloud. The local RF is invariant to translations and rotations and robust to noise and100

clutter, similar to rotation and/or scale invariance injected into 2D descriptors. The RF determination actually involves101

the assignment of three coordinate axes X, Y and Z. Given a clustering based key-point Pkey, SHOT first builds a102

covariance matrix M by collecting neighbor points within the radius R:103

M =
1P

i:di≤R(R − di)

X
i:di≤R

(R − di)(Pi − Pkey)(Pi − Pkey)T . (4)



Then, SHOT refers to the three unit eigenvectors in decreasing eigenvalue order as the x+; y+ and z+ axes. With x−;104

y− and z−, SHOT denotes instead the opposite unit vectors. Finally, the disambiguated x axis is defined as :105

S +x � {i : di ≤ R ∧ (Pi − Pkey) · x+ ≥ 0}, (5)

S −x � {i : di ≤ R ∧ (Pi − Pkey) · x− > 0}, (6)

S̃ +x � {i : i ∈ M(k) ∧ (Pi − Pkey) · x+ ≥ 0}, (7)

S̃ −x � {i : i ∈ M(k) ∧ (Pi − Pkey) · x− > 0}, (8)

x =

8>>>>>>>>>>>>>>>>>><>>>>>>>>>>>>>>>>>>:

x+, |S +x | > |S
−
x |

x−, |S +x | < |S
−
x |

x+, |S +x | = |S
−
x | ∧ |S̃

+
x | > |S̃

−
x |

x−, |S +x | = |S
−
x | ∧ |S̃

+
x | < |S̃

−
x |,

, (9)

where M(k) is the subset of points within the support whose distance from the feature point is among the k closest to106

the median distance. The same procedure is used to disambiguate the z axis and the mathb f y axis is obtained as z× x.107

X Y

Z

Figure S6: Signature structure of SHOT.

After establishing the RF, the geometry information, such as density vectors, is encoded by partitioning bins to108

represent local features. In the case of the SHOT descriptor, the spherical support area is divided into 32 small volumes109

based on two radial divisions (inner and outer balls), two elevation divisions (northern and southern hemispheres), and110

eight azimuth divisions. However, to enhance clarity, only four azimuth divisions are plotted in Figure S6. For each111

volume, the histogram is built by accumulating points into bins according to the cosine between the density vector at112

the neighbor point Pi and the local z axis at the query key-point Pkey. To alleviate boundary effects, for each point being113

accumulated into a specific local histogram bin, SHOT performs quadrilinear interpolation with its neighbors, i.e. the114



neighboring bin in the local histogram and the bins having the same index in the local histograms corresponding to115

the neighboring subdivisions of the grid. Figure S7 provides a graphic description of the quadrilinear interpolation116

process. It shows how each point contributes to multiple bins by assigning different weights based on the interpolation117

scheme. In CryoAlign, the number of bins for the local histogram is set to 11, and the length of the density-based118

SHOT descriptor is 32 × 11 (352).119

Interpolation on normal cosines Interpolation on azimuth

Interpolation on normal elevation Interpolation on distance

Figure S7: Quadrilinear interpolation to accumulate weights into histograms.

S3 Application in atomic model fitting120

S3.1 Ranked results in atomic model fitting121

Many macromolecular complexes have multiple protein chains with very similar shapes. The precise alignment of a122

specific single chain which has similar “brother” chains raises a challenge to rank the exact transformation as high as123

possible in a number of alternative solutions. In the main text, we provide ranking information based on the optimal124

matching results. In this section, we enumerate the remaining alignments according to the ranking information and125

subsequently calculate RMSD values by determining the most suitable chain in Figure S8. It is evident that all candi-126

date chains exhibit high structural similarity, nearly identical. The alignment of a single chain actually corresponds to127



multiple optimal parameters, the main reason for the low rankings of correct alignment. However, besides those opti-128

mal alignments, VESPER may provide multiple sub-optimal alignment results for the same target region, as observed129

in the rank#3 and rank#4 results of chain A. The consistent relative low accuracy of VESPER assigns these specious130

alignment results approximate similarity scores and similar rankings. If the precision of correct alignment cannot131

stand out, these results may significantly affect its ranking. Compared to VESPER, CryoAlign delivers more accurate132

superimposition, with the RMSD values around 1.3Å. This high precision ensures the non-existence of sub-optimal133

alignments for the same target region in the top-ranking results.134
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Figure S8: Ranked alignment results of the first example in atomic model fitting. The RMSD values are calculated with the most matching

chain, shown within parentheses. The query chain and corresponding alignment are colored red.



S3.2 More atomic model fitting results135

We have collected more atomic model fitting results in Table S3, which provides alignment accuracy for each single136

chain. The RMSD values ranging from 30 to 60Å clearly demonstrate the inadequacy of gmfit and fitmap without137

manual intervention. VESPER, on the other hand, is capable of identifying the correct superimposition from the top138

ten candidates. The optimal alignment in VESPER is calculated by an exhaustive search with a given rotation interval139

(which is usually set to 10 degrees). Such a rough grid searching usually makes VESPER neglect the very detailed140

structural differences of the compared maps, and results in a sub-optimal alignment, especially for candidate chains141

exhibiting structural similarity in rotation. Consequently, the similarity score of correct alignment fails to stand out142

among top-ranked results, leading to a low ranking. In the case of chain E in EMD-0440 and chain D in EMD-4400,143

the acceptable alignment is not even present in the top ten list. In comparison, CryoAlign achieves higher alignment144

accuracy, as indicated by lower RMSD values. Moreover, the correct parameters tend to rank higher in CryoAlign’s145

candidate lists, further highlighting the superiority of the feature-based alignment approach.146



Table S3: Alignment evaluation in atomic model fitting

Protein complex chain CryoAlign/Å VESPER/Å gmfit/Å fitmap/Å

emd-0287(6hv8.cif)
A 0.94 3.56 38.46 54.11

B 0.67 3.68 50.83 46.82

emd-0346(6h52.cif)
A 0.47 2.46 75.59 0.96

B 0.50 2.58 94.86 1.27

emd-0440(6nd1.cif)

A 0.41 2.72 36.65 67.09

B 0.76 3.42 33.21 50.99

E 0.82 43.93 55.35 76.62

emd-0868(6lba.cif)

A 1.04 1.54 46.08 31.85

B 0.59 3.70(#9) 44.77 69.05

C 0.48 58.71 38.55 69.59

D 0.76 2.62 45.85 73.73

emd-3340(5fwp.cif)

A 1.35 1.92 63.25 63.92

B 2.01(#5) 4.11(#5) 21.55 41.89

K 4.47 5.00 37.19 26.71

emd-3605(5n9y.cif)

A 1.33(#2) 3.67(#5) 62.15 85.00

B 1.31 3.80(#3) 60.28 74.14

C 0.41 3.66 31.23 73.52

D 1.36(#2) 3.96(#3) 61.06 79.36

E 0.98 2.06 32.02 8.05

emd-3861(5oyg.cif)
A 0.48 4.39 53.62 61.33

B 0.27 3.86 46.85 55.69

emd-4400(6i2t.cif)

A 1.27(#3) 2.32 63.52 75.85

B 1.03 2.30(#2) 63.57 42.64

C 1.03 3.96(#2) 35.02 80.75

D 0.95 73.82 59.62 112.40

J 4.39 9.29 65.23 53.25



S3.3 Extended results in flexible fitting147

With the help of uniform sampling and structure-based clustering, the point cloud representation effectively bridges148

the gap between atoms and density voxels. Given the accurate rigid alignment, the flexible fitting, also called non-149

rigid registration in the point cloud, can be easily estimated by considering the displacements for matched point pairs.150

Many methods (Zampogiannis et al., 2019; Hirose, 2021; Zheng and Doermann, 2006; Ma et al., 2018; Zhang et al.,151

2018) have been proposed for flexible fitting. In CryoAlign, we select the Bayesian coherent point drift algorithm152

(Hirose, 2021) to estimate displacements for each point. To illustrate the performance, we considered two confor-153

mations of the heterodimeric ABC exporter TmrAB (EMD-4775, EMD-4776). Fixing EMD-4776 (PDB ID: 6rai,154

[http://doi.org/10.2210/pdb6rai/pdb]) as the reference map, we extracted chains A and B from EMD-4775 (PDB ID:155

6rah, [http://doi.org/10.2210/pdb6rah/pdb]) as assembling candidates, as depicted in Figure S9a, where the colored156

point clouds are attached nearby. Fitmap, lacking initial poses from experienced researchers, struggles to assemble157

the two chains properly. Both CryoAlign and VESPER place the chains into the appropriate positions according to158

accurate local alignment. Then, these point clouds representing chains are transformed respectively and merged into159

a comprehensive and larger point cloud. The assembly of point clouds is an initial model representation of the protein160

structure (see Figure S9b). Fitmap provides a poor initial assembly model, making flexible fitting incorrectly reflect161

the molecular motion. In contrast, both CryoAlign and VESPER offer well-assembled point clouds, resulting in suc-162

cessful displacement estimation between matched points, as shown in Figure S9c. These point displacements can be163

conveniently applied to atomic models, as both points and atoms share the same coordinate system. Furthermore,164

compared to VESPER, CryoAlign achieves better fitting and lower RMSD, with an refinement of 0.1Å and 0.9Å for165

chains A and B, respectively. This is primarily because CryoAlign offers superior rigid alignment, thereby simplify-166

ing the establishment of point correspondences during the flexible fitting process. Notably, regions undergoing main167

conformational changes are magnified for enhanced visualization.168
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Figure S9: An example for flexible transformation in atomic model fitting. a The source map is EMD-4775 (PDB ID: 6rah,

[http://doi.org/10.2210/pdb6rah/pdb]), whose two chains A and B are extracted. The target map is EMD-4776 (PDB ID: 6rai,

[http://doi.org/10.2210/pdb6rai/pdb]). b The alignment results of individual chains and corresponding assembly results. c Based on the point

clouds assembled by the compared methods, flexible fitting is applied to estimate displacements between matching points. Furthermore, the esti-

mated displacement is performed on the atomic model to generate transformed PDB structure. The RMSD values are individually calculated for

two chains.

In Figure S10, we present an additional example of the E. coli replicative DNA polymerase complex bound to DNA169

(EMD-3198, PDB ID: 5fkv, [http://doi.org/10.2210/pdb5fkv/pdb] and EMD-3201, PDB ID: 5fku, [http://doi.org/10.2210/pdb5fku/pdb]).170

The primary conformational distinction involves a large rotation in the chain A subunit, highlighted within the black171



box. Based on the accurate assembly provided by CryoAlign, displacement construction between point pairs becomes172

straightforward. This transformation is further validated by the resulting PDB structure.173

EMD-3198 
(5fkv.pdb)
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Chain A Chain B & C Chain D

Point cloud alignment Point cloud alignment Point cloud alignment

Point cloud assembly
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Figure S10: Another example for flexible transformation in atomic model fitting. The source map is EMD-3198 (PDB ID: 5fkv,

[http://doi.org/10.2210/pdb5fkv/pdb]), whose chains A, B, C and D are extracted. The target map is EMD-3201 (PDB ID: 5fku,

[http://doi.org/10.2210/pdb5fku/pdb]). All chains are individually aligned by CryoAlign to the target map and assembled into a larger complex.

Furthermore, the point displacements are estimated by flexible fitting to transform the corresponding PDB structure. The subunit with a large

rotation is precisely depicted.

S4 Initial mask localization174

A rough initial position of the mask helps to reduce the search space of alignment parameters. To achieve efficient and175

accurate local alignment, users can employ the rough result of exhaustive methods as the initial state and use CryoAlign176

to further search the best alignment parameters by only a few masking operations around the initial superimposition.177


